Abstract The aim of the paper is to disentangle the roles that patients, physicians and technology can have on patient health outcomes. The analysis focuses on patients suffering from hypercholesterolemia. Using a large and detailed dataset of patients collected by the Italian College of General Practitioners (SIMG) over the period 2001-2006, we observe the existence of heterogeneity in the time needed to reach an optimal level of health stock. We firstly explore whether patients recovering faster exhibit lower hospitalization rates. Secondly, we study the determinants of the speed of recovery to a good health status. Results suggest that a 10 % increase in the speed of recovery reduces hospitalization rates by 1 % in the general sample and by 1.25 % in patients in primary prevention. Furthermore, we show that recovering to a good health status is a multifaceted phenomenon, with technology explaining from 54 to 68 % of the total effect.
Introduction
Patient health outcomes are complex phenomena and empirically disentangling their determinants is an ever more complex task arising from the interplays of three important factors: the patient, the physician and the available technologies. In fact, a valid diagnosis from a physician will not have the hoped-for effect if effective treatments are not available. Similarly, the availability of effective treatments would not lead to a health improvement if physicians do not properly match diseases and treatments. Finally, patients should be compliant to physician recommendations in order to reach a good health outcome. Despite its importance from a policy perspective, no study to our knowledge has ever tried to disentangle and empirically measure the different roles that these actors jointly play on health outcomes.
In our view, what has prevented researchers from succeeding in this task is the lack of a sufficient level of clinical and socio-demographic details when using ''micro'' data, even for those studies that adopt a diseasespecific approach [1] [2] [3] . Furthermore, objective measures of health outcomes are needed. Finally, to be informative, the analyses should be conducted at a population level, or on samples representative of the population (such as those used in clinical trials). Clearly, this is a highly datademanding approach, requiring information on patient health profiles at the beginning of the observation period (initial conditions), on the treatments, on the events to which they have been exposed over time, and on the physician treatment strategies. Ideally, this implies adopting an investigation strategy similar to that used in randomized clinical trials, but extended to the population.
We try to fill this gap by disentangling and measuring the contribution that each of the above mentioned factors can have on the health outcomes of a large representative population of Italian patients suffering from hypercholesterolemia and treated with statins. While this research focuses on a particular health condition, the model we introduce in the following Sections has the potential to be adapted to study other health problems and diseases for which there exists a measurable health target.
We decided to focus on hypercholesterolemia because it represents a particularly interesting condition to analyze, for at least three reasons. Firstly, over the last 10 years there has been a growing public concern about high levels of cholesterol in the population that may have changed patient awareness about the problem, influencing their behavior (mainly through changes in compliance rates) over time. Secondly, although over the last 20 years the entire drug industry has witnessed a substantial technical advancement, statins represent a class of drugs which has shown a substantial improvement over time in its efficacy to lower cholesterol. Last but not least, new guidelines on treating cholesterol have been introduced in recent years, challenging doctors to continuously adapt their patient management strategies to the new evidence-based medicine.
Compared to previous literature, we then further innovate by addressing a different and more important question for patient health status. Instead of exploring the determinants of patient health stock [4] [5] [6] [7] [8] , we focus on the ''time needed'' to recover to an optimal level of health and on its determinants. Providing evidence on this issue has important policy implications beyond the specific case under investigation, given that a longer patient exposure to adverse health stocks (i.e. high levels of cholesterol) may result in future negative health outcomes, such as hospitalization, invalidity and death. Therefore, we will firstly explore whether patients with a faster recovery (i.e. lower exposure to high cholesterol levels) exhibit lower hospitalization rates for cardiovascular diseases (CVDs). Then, we will analyze the determinants of their speed of recovery.
The analysis is based on the Health Search Database [9] , which is collected by GPs on a large sample of the Italian population. Unlike standard registry datasets, these data provide information on a richer set of patient characteristics that allow us to disentangle the beneficial effects of new technologies (more effective drugs) from (1) patient compliance to medication, (2) physicians' ability to manage the disease (''process'' innovation) and (3) standard confounding problems deriving from a patient's past clinical history.
The paper is organized into six Sections. Section two presents some stylized facts about cholesterol trends. Section three introduces the methodology used to define and construct our objective health status indicator. Section four presents the data, the sample selection process and the steps followed to construct the variables of interest. Section five shows the main results and discusses the policy implications. In particular, we provide quantitative evidence on how the speed of recovery can affect hospitalization rates for CVDs and then we measure the role of each single factor on the speed of recovery. Finally, conclusions are drawn in Section six.
Cholesterol trends and the role of statins: some stylized facts and a puzzle Panel A in Fig. 1 reports the trends in ''Total'' and ''LowDensity Lipoprotein'' (LDL) cholesterol levels for the patients included in Health Search, a nationally representative database managed by the Society of the Italian College of General Practitioners (SIMG). As we can see, both measures of cholesterol levels are decreasing. Furthermore, in panel B we observe the cholesterol level distributions over time, which show a movement toward the left (a reduction in average levels) as well as a shrinking of the distribution shape. This second aspect is important as it proves that in Italy not only the LDL average, but also its variability is reducing.
A more interesting phenomenon that emerges from these data is reported in Table 1 While the first two results can be easily understood based on changes in guidelines over time, the last two results are somehow counter-intuitive, since we would expect that longer treatment periods would be conducive to better health outcomes. A possible explanation is that new and more effective chemical compounds (the so called ''second-generation statins'') have been marketed and prescribed in Italy over the period of our investigation, reducing cholesterol levels. Furthermore, the introduction in 2004 of larger pack-sizes (28-30 vs 14 tablets per package), may have affected patient behavior by improving adherence to the treatment, thus leading to better cholesterol management. However, these two factors alone can hardly explain the different cohort patterns reported in Table 1 -panel B, given that new active ingredients and larger pack-sizes are supposed to be available to all patients, irrespective of the cohort to which they belong.
In our view, a plausible explanation for such cholesterol reduction patterns across cohorts may be found in physician behaviors in treating cholesterol. We believe that GPs who see their patients responding well to an existing therapy could decide not to update it even when new protocols are available or newer compounds are introduced. If this was the case, it could be motivated by prudential attitudes, aimed at avoiding any potential sideeffects as a consequence of the adoption of newer drugs or of higher dosages. On the other hand, ''newcomer'' patients are more likely to be treated with the most recent drugs, in absence of a past treatment.
Under these assumptions, the presence of technical change (both in terms of process and products) could then contribute to creating a gap in health outcomes for earlier and longer-term patients compared to ''newcomer'' patients.
The definition and measurement of the health indicator
In this section we define our indicator of objective health status. One of the implications of the Grossman model [10] is that health is an inherited durable capital stock that depreciates over time. Therefore, investment in health can be seen as an activity where medical care is combined with other inputs in order to produce new health to partly counteract the natural deterioration of the health stocks. Thus, the demand for health care can be considered as a derived demand for goods and services to preserve the inherited stock of health (HS i,t ) and/or to further achieve a desired stock of health (HS
). Following Grossman, the i-th patient's health status at time t can be represented by a partial adjustment model:
where d i [ 0 is the health stock depreciation rate and 0 B k i B 1 represents the ''speed'' at which individuals are able to achieve their target value. If patients reach their goal in one period then k = 1, while if their health status remains unchanged or even reduces, then k = 0 or it becomes negative. In the empirical literature k has always been considered to be an ''average'' parameter to be estimated. Our aim in this research is to look at k as a measurable variable and then to further understand its determinants. In order to achieve this goal, we make two simplifying assumptions that, without loss of generality, help design the empirical procedure. We assume that health status for hypercholesterolemic patients is a function of the LDL level alone (HS i,t = f(LDL i,t )), with the first derivative being negative (i.e. qHS i,t /qLDL i,t \ 0).
Based on these two assumptions, Eq. (1) can be rewritten as:
The optimal level of LDL cholesterol ðLDL
Þ is patientspecific, time-independent and is a function of the individual cardiovascular risk-index (r i ). 1 In order to derive an analytical formulation of k, we solve Eq. (2) to obtain:
where
represents the difference between the current and the previous health status and Df LDL
Þ is the health gap that still needs to be recovered at time t through medical treatment and healthy behaviors. From an empirical point of view the term D 0 f(LDL i,t ) represents the absolute variation in the health stock expressed as a function of the LDL level.
The definition of k i,t which stems from Eq. (4) has an appealing clinical interpretation. In fact, although researchers cannot usually observe the single components that characterize the numerator in Eq. (4), they can be interpreted as patient ''good behavior'' (Df(LDL i,t )) and ''bad behavior'' (d i f(LDL i,t-1 )) in achieving the therapeutic goals. This interpretation can be better understood by looking at the graph in Fig. 3 , where we observe two different hypothetical paths of LDL cholesterol towards the target (LDL * ). The blue line represents the behavior of a patient whose net investment is characterized only by ''good behavior'', while the black line represents the behavior of a patient who alternates periods of ''good behavior'' with periods of ''bad behavior'' (identified by those periods in which DLDL i,t [ 0 and therefore
. It is clear that the speed at which the first patient reaches the target is greater than the speed of the second patient. 2 In particular, individuals who diverge from full health will present a negative value of k, while individuals who converge will show a positive value. For instance, let's assume that patient A's optimal LDL level is 120 mg/dl and that their In this model we assume that HS i,t = f(LDL i,t ) = 1/LDL i,t , as it represents a simple functional form that produces an inverse relation between health and LDL. However, other functional specifications are equally suitable (e.g. HS i,t = -LDL i,t ). In the empirical analysis we have run sensitivity tests using different specifications of the functional relationship and found that alternative functional forms do not alter our final results.
Data and descriptive statistics
Our empirical analysis is based on data collected in the Health Search Database (HSD), a longitudinal observational database run by the Italian College of General Practitioners (SIMG-Società Italiana di Medicina Generale) since 1998. The HSD contains data from computerbased patient records from General Practitioners (GPs) throughout Italy. Participation is on a voluntary basis, although the distribution of GPs tends to replicate the regional organization of the NHS [9] .
Patient data are linked through a unique anonymous identifier to drug prescriptions, clinical events and diagnoses, hospital admissions and causes of death. It contains patient-level information on prescriptions such as dispensing date, drug information and the general practitioner recommended dosage (GPRD). It also includes hospitalization status by primary Diagnosis Related Groups, information on patients& clinical histories, on co-payment exemptions and a set of socio-demographic indicators.
Up to December 31st 2006, the dataset contained information collected by 796 GPs for a total of 1,532,357 patients. Our analysis is based on information gathered by those 400 GPs who guaranteed a high data quality according to a specific algorithm developed by the Health Search team [9, 13] . This algorithm selects GPs on the basis of their capacity to provide completeness of information in terms of patient clinical and vital characteristics (for instance smoking status, height, weight) and in terms of diagnostic test results, diagnoses and other medical conditions.
From this sample we have extracted patient identifiers using two main inclusion criteria:
1. Age between 39 and 70 at the time of their first appearance in the HSD (people using statins before their forties are often receiving them for reasons other than hypercholesterolemia). The original GP registry information has then been collapsed into quarterly statistics. The use of quarters as time units seems reasonable in order to minimize the number of zero occurrences in drug consumption and to preserve the dynamic aspect of the model. More importantly, clinical evidence shows how statins may produce most of their effects simply after one quarter of use.
The final sample is a quarterly panel of individuals observed over the period [2002] [2003] [2004] [2005] [2006] . This dataset is balanced in terms of GPs (400), but unbalanced in terms of patients (4,290 patients, for a total of 21,188 observations). We compute the optimal LDL value for each patient as function of the individual's cardiovascular risk (r i,t ) according to Eq. (3). We define three different risk categories: low risk (0 % B r i,t B 5 % and no past CVD events), medium risk (5 % B r i,t B 10 % and no past CVD events) and high risk (r i,t [ 10 %, which includes all the individuals with any past CVD event). 3 According to international guidelines, LDL needs to be lower than 120 mg/dl for lowrisk patients, below 100 mg/dl for medium-risk patients, and under the level of 80 mg/dl for high-risk patients. Table 2 reports the descriptive statistics. As we can see, the average value of k i,t over the whole period is just above 0.1, meaning that patients take almost 10 quarters on average to reach the LDL* target.
The sample is balanced in terms of gender with more than 70 % of the individuals over 60 years old. Atorvastatin and simvastatin determine more than 60 % of the prescriptions, the average daily dosage prescribed being close to 27 mg. About 60 % of the patients suffer from hypertension and 29 % have diabetes. Nine percent are in secondary prevention, meaning that they have experienced at least one CVD in the past, as opposed to primary prevention, when the individual has not experienced any CVD related event. Most of our sample is made up of patients who started treatment in 2002. Treatment starting year for our purposes defines a ''cohort''. Table 3 shows descriptive statistics by cohort of treatment. Speed of recovery (k) has sharply and monotonically increased by starting year, with the 2002 cohort recording the lowest value (11 % or about 10 quarters) and the 2005 cohort reporting the highest value (38 % or about 2.5 quarters). 3 Individual cardiovascular risks indicators are computed according to the algorithm included in [11] .
Empirical results
The effect of the speed of recovery on hospitalization rates
In this Section we explore whether the speed of recovery (k) has any impact on the CVD hospitalization probability by using a probit model. From a methodological perspective, we examine the probability of hospitalization over a 2-year period starting from the first appearance of the patient in the dataset. A 2-year time window is adequate as it allows us to observe a uniform time period for all cohorts, including patients who started treatment in 2005. We include in this analysis only those patients for whom a full set of information was available for at least 2 consecutive years since their first appearance. The final sample consists of 3,316 observations. We consider a 2-year period an effective compromise: a longer span would have reduced the sample too much, while a smaller span would have been able to find only short-term effects, therefore not capturing effects on CVD hospitalization, that are thought to happen in the medium and long-term.
The probit model adopts hospitalization as a dependent variable and speed of recovery (k) plus a set of socioeconomic and health characteristics as control variables. There exists a 1-year lag between dependent variable and covariates, to ensure that medium and long-term effects on hospitalization are captured. We repeat this analysis for the subset of patients in primary prevention in order to understand the impact on individuals who are using statins as a preventative therapy.
Results of these analyses are reported in Table 4 . Looking at the elasticity column, we observe that a 10 % increase in the speed of recovery (k i,t ) is able to reduce the hospitalization rate by 1 %. Less significant results are found in the other control variables, there being a small gender effect (men are slightly more likely to go to the hospital) but no significant geographical effects. As expected, patients in secondary prevention were more likely to be hospitalized. When looking at the primary prevention subset, we find slightly stronger and more significant results for hospitalization reduction (the elasticity effect being above 1.2 %) with the other coefficients being similar to the previous specification, although gender and hypertension lose their significance. This finding is particularly important as it refers to a class of patients that could avoid or see delayed hospitalizations for CVDs, reducing social costs and financial costs for the NHS.
Based on these results, and given that the number of CVD-related admissions in Italy was about 1.2 million in 2006 [14] , it then follows that the number of hospitalizations that could be saved following a minimum 10 % increase in k would range between 12,000 and 15,000 cases per annum. Obviously, if we could double the value of k (corresponding to a 100 % increase), we could then save hospitalizations in a range of 120,000-150,000 per year, with a huge impact also on the health expenditure side. Who is responsible for your health 841
The determinants of the speed of recovery
The empirical model
In order to analyze the determinants of the speed of recovery (k) and to disentangle the specific role played by patients, physicians and technical innovation, we define the following empirical model where our dependent variable is regressed over a set of covariates: (5) are intended to capture patient behavior, while TR i,j,t and t t account for exogenous technical change. Concerning patient health profiles, the HP i,t vector contains a dummy controlling for the presence of past CVD events (primary vs secondary prevention) and additional dummy variables controlling for hypertension and diabetes. The vector LS i,t controls for smoking behavior, while the vector SEC i,t includes age, gender, region of residence and exemption typology. In this model we use a principal-agent framework, thus assuming that only physicians can decide what to prescribe and whether to switch patients to a new therapy; whereas patient decisions are limited to adhering or not to the proposed treatments and to adopt or not lifestyle advice. Patient decisions may be independent of the therapy suggested, but influenced by other individualspecific factors (i.e. economic variables such as disposable income Yd i,t and drug price p t that negatively affect patient adherence to treatment).
Results
Results are presented in Table 5 and are based on different empirical specifications of the model in Eq. (5). All estimates are based on a random-effects model with the addition of group-means of the independent variables, according to the Mundlak specification [15] . This specification allows us to use random effects in a context where we cannot assume that covariates and individual effects are uncorrelated. At the same time, we cannot use a fixedeffects specification because it would imply dropping some of the time-invariant variables that are essential for our model, i.e. the cohort dummies. 4 In our model, the reference patient is male, aged under 50 years, living in the center (i.e. the central regions of Italy), treated with fluvastatin, a non-smoker, not exempt from prescription charges, with no co-morbidities and in primary prevention.
As expected, speed of recovery is positively related with patient lagged cholesterol level, LDL i,t-2 . A higher past cholesterol level is associated with a quicker reduction of the health gap. Looking at the role of technical progress in terms of ''product'' innovation our results show that ''second generation'' statins (i.e. atorvastatin and rosuvastatin) are found to be more effective than the alternatives. A smaller, but still significant role is played by simvastatin, which belongs to the ''first generation'' group and still holds an important share of the Italian market (around 30 % in 2005, the last available year of our data, Table 6 ).
The role played by ''process'' innovation is captured by the cohort dummies. These parameters show an increase in the speed of recovery by cohort. Cohort dummies can be thought of as ''residual effects'' à la Solow, in a model where we control for a variety of factors linked to patients or to technology, such as for instance individual characteristics and typology of treatment. Interpreting these ''residual effects'' as doctors' exogenous contributions is therefore a consequence of the covariates included in the specification, being aware that we do not have a direct measure of their ''ability to treat'', an effect that, in general, is problematic to measure.
By looking at the distribution of statin prescriptions by cohort (Table 6) , we observe how systematic differences exist between people belonging to different cohorts, within a common year of the sample. degree of conservativeness from doctors in treating patients who started the treatment with statins earlier, as they are kept using older generation and less effective statins. On the other side, later cohorts would be expected to receive a boost in terms of lowering LDL levels as they are using, on average, more advanced drugs.
Looking at patient behavior, we see that persistence in treatment is found to be consistently significant. We also find a strong positive association between speed of recovery and being in secondary prevention. It seems that patients who have experienced a serious cardiovascular event or are experiencing co-morbidities are, understandably, more careful, thus showing a faster recovery. Finally, a less significant but still positive association is found between speed of recovery and being hypertensive.
The impact of smoking on the speed of recovery is found to be negative but not significant. The sign direction is as expected, while the non-significance could be due to an extremely low rate of smokers in the sample.
The alternative specifications seem to confirm the results so far described. In model 2 we included as a further control the prescribed daily dosage (in terms of milligrams of active ingredient), in order to separate the compound effect from the dosage effect. This aspect is not entirely trivial, as physicians can use an older statin with an increased dosage, potentially getting the same effect as a newer compound at a reduced dosage. The results from this specification provide additional evidence of the positive effect that a higher dosage has on the speed of recovery. Looking at the active ingredient indicators, we observe that the ''hierarchy'' between the compounds' effectiveness remains unchanged and it is fairly stable in terms of proportions.
In model 3 we added the interaction terms between active ingredient and daily dosage. In this case the daily dosage loses part of its significance, while the size of the coefficient is almost unaltered, although simvastatin loses its significance.
In model 4 we added the interactions between the cohort dummies and a linear time trend, introducing a set of parameters that could help replicate the patterns found in Fig. 2 . For each cohort, each interaction term can be seen as a differential effect on the speed of recovery with respect to the treatment starting year. According to this interpretation, the sign and magnitude of all interaction parameters seem to replicate correctly the patterns of the unconditional means reported in Table 1 and Fig. 2 . In particular, the interactions for the 2002 and 2003 cohorts suggest an increasing trend, which make them benefit from having an additional effect with respect to the cohort standard effect. With regards to the 2004 cohort, such an increasing trend does not appear, but both cohort and interactions are significant at 1 %. An exception is represented by the 2005 cohort, whose only time interaction variable is found to be high in magnitude but not significant.
As a robustness check, we have investigated the role of attrition in our sample and how it affects our estimates by re-weighting the observations according to their drop-out probability [16] . Overall, we found that our results are not affected by attrition (the estimates are available upon request to the authors).
Who is responsible for your health? A quantitative assessment
We are now in a position to provide an answer to our initial question: who is responsible for your health. In order to achieve this goal we calculate the impact of the three factors (patients, doctors or technology) over the predicted values of lambda, the speed of recovery.
The role of patients is approximated using the persistency variable; the role of doctors is captured by the cohort dummy parameters, while medical technology impact is represented by the active ingredient dummies.
Results of this accounting exercise are presented in Table 7 . In the first specification, where we are not controlling for the drug dosage, medical behavior presents a greater impact than technology (around 49 vs 38 %), while the role of patients appears to be minor. After controlling for drug dosages in specifications 2 and 3, technology becomes by far the most important factor.
This result is also confirmed in the last two specifications, when interactions between cohorts and the time- trend are added. The effect of technology ranges between 54 and 68 %. The role of doctors appears to be greater than the role of patients in all the specifications considered.
As a further check, separate computations of the effects for men and women (not reported here) have shown that gender issues do not significantly affect the relative importance of the three factors.
Our findings suggest that the use of drugs is the only effect, which prevails steadily. This is not surprising, as doctors' and patients' effort is thought to be conditional on the available pharmacological therapies. However, our estimates seem to prove that technology explains just above two-thirds (at best 68 %) of the speed of recovery to a better health status, with its efficacy mediated by physician and, to a lesser extent, patient behaviors.
Conclusion
Focusing on patients suffering from hypercholesterolemia and treated with statin-based drugs, in this work we have analysed the determinants of a better health status, trying to disentangle the roles played by patients, physicians and technology, and how a faster recovery is reflected in terms of reduction in hospitalization rates. Our results show that the speed of recovery is capable of reducing future hospitalization rates: better-treated patients experience lower hospitalization rates for CVDs (from 1 % for the general sample to more than 1.2 % for patients in primary prevention).
More importantly, we found that treatments with newer drugs, even after controlling for dosage, leads to a faster recovery to better health conditions. However, this effect could be seriously undermined if patients are not persistent in the treatment. Finally, there is a suggestion that a reduced prescription of newer drugs from GPs to patients already treated for a long period may have a role in their slower recovery. In this respect, we found some evidence of a certain degree of conservativeness in GPs, who tended to persist in the use of older statins for those already treated for a long time.
As an accounting exercise, we observe that technology, although being the driving factor in increasing the speed of recovery, can explain at best 68 % of the total effect, which reduces to 54 % in the richer specification.
In conclusion, the evidence obtained from this work sheds light on the importance of technical progress (both in terms of product and process innovation) for a full and faster health recovery for patients suffering from hypercholesterolemia, which could be even more effective if this technical advancement was made immediately available to all patients.
